Summary: Addressing deleterious effects of noncoding mutations is an essential step towards the identification of disease-causal mutations of gene regulatory elements. Several methods for quantifying the deleteriousness of noncoding mutations using artificial intelligence, deep learning and other approaches have been recently proposed. Although the majority of the proposed methods have demonstrated excellent accuracy on different test sets, there is rarely a consensus. In addition, advanced statistical and artificial learning approaches used by these methods make it difficult porting these methods outside of the labs that have developed them. To address these challenges and to transform the methodological advances in predicting deleterious noncoding mutations into a practical resource available for the broader functional genomics and population genetics communities, we developed SNPDelScore, which uses a panel of proposed methods for quantifying deleterious effects of noncoding mutations to precompute and compare the deleteriousness scores of all common SNPs in the human genome in 44 cell lines. The panel of deleteriousness scores of a SNP computed using different methods is supplemented by functional information from the GWAS Catalog, libraries of transcription factor-binding sites, and genic characteristics of mutations. SNPDelScore comes with a genome browser capable of displaying and comparing large sets of SNPs in a genomic locus and rapidly identifying consensus SNPs with the highest deleteriousness scores making those prime candidates for phenotype-causal polymorphisms. Availability and implementation: https://www.ncbi.nlm.nih.gov/research/snpdelscore/ Contact: ovcharen@nih.gov
Introduction
The majority of genome-wide association studies (GWAS) often associate human diseases and phenotypes with variants residing outside the coding DNA-95% of all GWAS variants are noncoding in nature (Deplancke et al., 2016; Kwak and Pan, 2016) . Only a small fraction of these GWAS-associated noncoding variants are causal, many are in regions of high linkage disequilibrium with either a causal coding variant or a causal noncoding variant of a gene regulatory element. Identifying causal noncoding variants has always been a challenging task due to a limited number of methods and tools accurately quantifying the impact of a noncoding mutation.
Recently, a growing body of work has been devoted to the quantification of deleterious effects of noncoding mutations using artificial intelligence and deep learning methods. These methods include DeepSEA (Zhou and Troyanskaya, 2015) , DeepBind (Alipanahi et al., 2015) and Basset (Kelley et al., 2016) that 'deep learn' regulatory sequence code from big genomics data; deltaSVM (Lee et al., 2015) and deSNPs (Huang and Ovcharenko, 2015; Li and Ovcharenko, 2015) that learn sequence features from a single enhancer-associated chromatin profile and consider the k-mer content associated with the genetic variant only; CATO (Maurano et al., 2015) that predicts chromatin states by using high-throughput sequencing data across multiple individuals; C-SCORE (Kircher et al., 2014) that integrates multiple annotations into one metric by contrasting variants that survived natural selection with simulated mutations; LINSIGHT (Huang et al., 2017) that predict the likelihood of deleterious fitness consequences of mutations at noncoding nucleotide sites by combining a generalized linear model for functional genomic data with a probabilistic model of molecular evolution; and CAPE (Li et al., 2016) that decomposes the sequence code of potential-binding sites and the binding sites of cofactors from a set of chromatin profiles, and directly quantifies the deactivating effect of a single nucleotide mutation based on the corresponding change in the underlying k-mer profile.
In our recent study, we compared observed differential accuracy of the various methods in predicting dsQTLs and eQTLs (Li et al., 2016) . The accuracy of causal variant prediction varied considerably from no differentiation to >90% depending on a selected method and/or a particular cell line. Although there are methods that generally outperform others, there is no single method that performs the best in every scenario.
The research community is currently lacking a uniform comparison of the methods to identify variants that are consistently predicted as deleterious by a panel of different technologies. Sophisticated computational and statistical algorithms employed by the aforementioned methods of noncoding variant quantification often require advanced knowledge of statistical methods and computational packages, substantial computational resources, and access to super-computers to run an analysis for a large set of SNPs. Often, this is not a practical option for many biologists and even some computational labs.
Appreciating the value of this information for the larger biomedical community, we decided to pre-compute deleterious effects of noncoding variants using a large panel of currently available methods and summarize this information in an interactive, easy-to-use website. We are also providing open access to these data through a RESTful based interface and a Python-based command line client. The panel of methods used by SNPDelScore can be easily expanded to include additional methods. We invite all groups developing methods for quantification of noncoding mutations to include their methods into SNPDelScore.
Materials and methods
SNPDelScore quantifies the deleterious effects of noncoding mutation using scores calculated using 7 different methods for 44 independent cell lines. The current available methods are: (iii) deltaSVM (Lee et al., 2015) , (iv) CATO (Maurano et al., 2015) , (v) DeepSEA (Lee et al., 2015) , (vi) C-SCORE (dubbed CADD) (Kircher et al., 2014) , and (vii) LINSIGHT (Huang et al., 2017) , (i) CAPE eQTL/ dsQTL (Li et al., 2016) . Methods included in SNPDelScore will be expanded with the interest of external groups adding their method into the list.
We computed CAPE, deltaSVM and DeepSEA scores using the published software and model training parameters. In the case of CATO, the scores were extracted for the database version 1.0 using dbSNP 138 (Sherry et al., 2001) . For LINSIGHT, the scores were downloaded from the project GitHub website (Huang et al., 2017) , and CADD scores were downloaded from the project website (Kircher et al., 2014) . We also built a higher-level SVM model to predict eQTLs by integrating the scores of all seven methods. The SVM model with a linear kernel was trained on eQTLs and 3-fold matched control SNPs using the seven scores as features. The output predicted scores are named as 'P-causal' and inserted to the end of the score table.
Two average scores were calculated for each SNP in the database. The first average is calculated over all tissues for each method. This value allows the comparison between tissue specific methods like CAPE, deltaSVM and DeepSEA with the non-tissue specific methods. The second average is calculated among all methods and it is used to rank the SNPs accordingly to its deleterious effect. All scores were normalized in a range from 0 to 1 by dividing each score by the maximum value obtained for the methods. The N/A (not available) value is set when a method is not able to predict a deleterious score for a particular SNP, and when the method cannot score a SNP for a given tissue.
Genetic variation data were downloaded from the 1000 Genomes Project et al. (2015) . A total of 12, 591, 046 common SNPs (minor allele frequency 0.01) were included. The available SNPs are superimposed with the NHGRI GWAS Catalog (MacArthur et al., 2017) . Additionally, the GWAS annotation was expanded to other SNPs using the tag SNP and linkage disequilibrium (r 2 > 0.8 and a maximum distance of 500 kb). The SNPs were mapped to transcription factor-binding sites (TFBSs) using an in-house TFBS mapping tool tfbsFrag, which integrates Jaspar (Mathelier et al., 2016) , CIS-BP (Weirauch et al., 2014) , SwissRegulon (Pachkov et al., 2013) , HOCOMOCO (Kulakovskiy et al., 2016) and UniPROBE (Hume et al., 2015) databases of TFBSs. SNPDelScore backend is comprised of a set of in-house python scripts and a modular designed MS-SQL database. These python scripts integrate each software in a complete and automatic pipeline which requires a Variant Call Format (VCF) file with the SNPs genomic coordinates and a unique ID to populate the database. The 1000 Genomes Project et al. (2015) and NCBI dbSNP (Sherry et al., 2001) databases will be monitored every six months to include new SNPs.
The modular design of the database allows the insertion of new methods just adding them to the automatic pipeline. The methods are also defined by version numbers, this will allow to show the SNP scores for the same method but with different software versions. We also maintain an active search for new methods by contacting the authors and explaining our system and how to integrate their methods on it.
SNPDelSCore includes a genome browser, which was developed using JavaScript and D3.js (Fig. 1) . It provides an interactive and easy-to-use interface to visualize the SNPs and their scores. Using the browser, a list of SNPs in a locus can be rapidly ordered by SNP score for any of the available methods allowing prioritization of high-scoring SNPs on the fly. In addition, a graphical overview of SNP positions around annotated genes provides a visual map of highly scoring SNPs identified by specific color coding.
A VCF Version 4.2 file format is used to distribute the raw data for all methods and tissues. These files are freely available from the SNPDelScore website, https://www.ncbi.nlm.nih.gov/research/ snpdelscore
Results
SNPDelScore provides a web interface to prioritize and identify causal SNPs in a selected genomic locus. It annotates locus SNP using their associations with traits/disorders and binding sites of their cognate TFs. Multiple layers of information allow (i) identification of SNPs with likely deleterious effects on regulatory elements, (ii) prediction of phenotypic effects caused by these SNPs and (iii) characterization of mechanisms of transcriptional activation disrupted by SNP mutations.
To demonstrate the abilities of the tool, we applied SNPDelScore to the regulatory mutations analysis of the FABP12 locus hosting 84 SNPs (Fig. 1) . This human fatty acid-binding protein family member is involved in uptake and trafficking of lipids and may contribute to metabolic disease under dysregulation (Smathers and Petersen, 2011) . The top ranked SNP according to the average score over all 44 tissues (rs16909318) is associated with the GWAS trait visceral fat. This SNP is located in the promoter region of the gene FABP12 and coincides within a binding site of STAT6 that regulates the liver lipid depot distribution (Sajic et al., 2013) , suggesting that the mutation at this genomic position should lead to visceral fat-related disorder through disrupting the binding of STAT6.
CAPE dsQTL model, deltaSVM and LINSIGHT scored this SNP as one of their top SNPs, while the other methods failed to identify this potential causal regulatory SNP, which further demonstrates the benefit from integrating multiple methods to score variants.
Conversely, using the average score across all tissues to prioritize genetic variants could lead to a failure of identification of tissuespecific regulatory variants. Therefore, in these cases, users may need to focus on a particular cell line/tissue to score their candidate variants. For instance, when scoring the variants within the gene locus of GGT1, an intronic SNP (rs2073398) coincides with the GWAS trait of liver enzyme levels (gamma-glutamyl transferase) and resides within a binding site of SP1, corroborating the regulatory role of SP1 in the trait of gamma-glutamyl transferase levels (Hanigan, 2014) . This SNP would not be identified by its average score over all tissues, although it has highest CAPE dsQTL score ( Supplementary  Fig. S1 ). However, if we restrict the tissue HepG2 cell line, this causal regulatory SNP would rise among the top candidates based the overall average score of all methods, although only highlighted by CAPE dsQTL model ( Supplementary Fig. S2 ).
